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Abstract: Ultrasonic vocalizations are a useful tool for inferring affec-
tive states in the rat and have been incorporated in research paradigms
modeling important human conditions. While the majority of studies
report the quantity or rate of observed ultrasonic vocalizations, growing
evidence suggests that critical data may be contained in the acoustic
features of individual vocalizations. Thus, the goal of the present study
was to develop and validate a method for measuring acoustic parame-
ters of ultrasonic vocalizations that were collected using automatic
template detection. Acoustic parameters derived using this method
were found to be comparable to those collected using commercially
available software.
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1. Introduction

Ultrasonic Vocalizations (USVs) are a useful tool for inferring affective states in the
rat and have been incorporated in research paradigms modeling important human con-
ditions such as drug abuse,1–3 depression, fear, and anxiety disorders,4 Parkinson dis-
ease,5 and aging.6 Moreover, USVs are a useful tool for examining the neurobiological
substrates of reward.7–9

While the majority of studies report the quantity and/or rate of observed USVs,
growing evidence suggests that critical data may be contained in the acoustic features of
individual vocalizations. For example, in models of Parkinson disease and neurodegenera-
tion, it has been shown that dopamine depleting lesions and aging produce changes in
the acoustic features of USVs, such as decreases in amplitude and reductions in funda-
mental frequency bandwidth.5,10–12 Notably, these changes affect the acoustic qualities of
vocalizations rather than the quantity of observed USVs. Moreover, it has been convinc-
ingly shown that repeated training of USVs improves the vocal deficits induced by dopa-
mine depleting lesions.11,12 Still, quantification of the magnitude of this improvement is
tedious and would benefit from increased automation.

Similarly, drug abuse research has demonstrated that certain abused drugs
affect the quantity of USVs, others affect the acoustic features of USVs, and that some
drugs may affect both the quantity and acoustic features of USVs (reviewed in
Simola13 and Barker et al.14). Finally, there is some evidence which suggests that
highly salient events may preferentially elicit USVs with higher rates of modulation
than events of lower salience.15,16 Nevertheless, the quantification of this assertion has
remained limited to categorical analysis of USVs.

Thus, it is clear that studies of reward processing and vocal sensorimotor func-
tion would benefit from novel, automated, methods for the quantification of the acous-
tic parameters of USVs. Current automated methods of vocalization detection are
based on either intensity threshold or whistle detection. However, non-vocalization
noises and rapid frequency modulations, both of which are common in USV
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recordings, reduce the reliability of these approaches. Previously, we developed and
validated a novel tool for automatically detecting 50-kHz USVs using a template
matching procedure.2 The goal of the present study was to develop and validate a
method for measuring acoustic parameters of USVs following the automatic template
detection. Parameters included the minimum, maximum, and mean fundamental fre-
quencies of the entire USV, bandwidth, duration, the minimum, maximum, and mean
derivative, number of frequency modulations per second, number of frequency peaks,
and number frequency peaks per second. Following automatic detection, our approach
involved using USV amplitude as a way to threshold and detect the contour of USVs.
Acoustic parameters determined using this method were then compared to the most
commonly used parameters automatically measured using commercially available
software.

2. Materials and methods

2.1 USV recordings

Recordings of USVs were obtained from ten adult male Long-Evans rats (Charles
River, Wilmington, MA). Recordings were made in a wire-mesh walled chamber with
an ultrasonic microphone (CM16/CMPA, Avisoft Bioacoustics, Berlin, Germany) and
digitized using a 250 kHz sampling rate and 16-bit depth (UltraSoundGate 416,
Avisoft Bioacoustics, Berlin, Germany). USVs were elicited from the male rats using a
mating paradigm, as described in Johnson et al.11 In brief, female rats in estrus were
introduced to each male rat in the recording chamber. The female was removed after
the male rat expressed interest in her, which elicited vocalizations from the male.
Acoustic recording began when the female was removed from the room to ensure
recordings consisted solely of the male rats’ vocalizations.

2.2 SASLab analysis

Recordings were first analyzed using a commercially available software program,
SASLab Pro (Avisoft Bioacoustics, Glienicke, Germany). The beginning and end of each
USV were manually labeled on a spectrogram with a frequency resolution of 488 Hz and
a temporal resolution of 1.024 ms [fast Fourier transform (FFT) window length¼ 512;
50% overlap]. After manual segmentation, the minimum and maximum fundamental fre-
quencies of each USV were automatically identified and visualized using horizontal lines.
SASLab Pro provides a tool for visually erasing portions of the spectrogram. This tool
was used to remove any noise surrounding the USV that was interfering with the accu-
racy of the automatic detection of the minimum and maximum frequencies. No portion
of the actual USV was removed. Once USVs were labeled and noise was removed, the
automatic parameter measurement tool was used to calculate the minimum, maximum,
and mean fundamental frequencies across the entire USV, the bandwidth (calculated as
the difference between the minimum and maximum frequency), and the duration. To
accomplish this, the acoustic parameters tool identifies the frequency with the greatest
amplitude in each spectral bin and then uses these bins to calculate the above-mentioned
measurements.

2.3 XBAT analysis

Automatic detection of USVs was conducted as described previously.2 Briefly, USVs
were detected in XBAT, a MATLAB based graphical user interface and extensible bio-
acoustics tool developed by the Bioacoustics Research Program at Cornell University.
A library of USVs between 35 and 80 kHz were used as templates for the detection of
USVs in recorded “.wav” files using spectrogram correlation. Parameters for the FFT
were congruent with those described above for Avisoft. In this method, the frequency
and amplitude of the template spectrogram (with a specifically defined time and fre-
quency window) is correlated with the frequency and amplitude of recorded data.
Correlations at each time point in the recorded data file are accomplished using a slid-
ing window, producing a correlation for each template at each specific time lag in the
recorded data file. Correlations that were greater than or equal to 0.3 were considered
as putative USVs. Detected elements were post-processed using a custom MATLAB script
to group temporally proximal elements into single USVs if they occurred within 50 ms
of one another. Finally, detected elements were subjected to a final human review
(“Selection Review” graphical user interface) for confirmation or rejection.

In the present study, the Selection Review tool (graphical user interface and
custom MATLAB programming) used for human validation of USVs was modified to
detect the frequency contours of USVs and calculate numerous acoustic parameters
including those included for SASLab analysis (see above). Additionally, measurements
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were included to quantify the modulation across the USV contour. This included the
maximum instantaneous slope (calculated as the maximum of the absolute value of
the first derivative), the minimum instantaneous slope (calculated as the minimum of
the absolute value of the first derivative), and the average of all instantaneous slopes
(calculated as the mean of the absolute value of all instantaneous slopes across the
function fit to the contour). We also quantified modulation based on the number of
oscillations in each USV and the rate of oscillation per unit time. This was accom-
plished by first quantifying the number of local minima and maxima for each USV
and then by dividing the number of peaks by the total duration of the USV.

For contour analysis, experimenters were required to delineate a window
around detected USVs using a rectangular box, drawn in the graphical user interface.
Within this window, the frequency bin with the greatest power was selected for each
successive spectral frame (bin of time) across the window. To further separate fre-
quency bins containing USVs from those containing background noise, we further
defined the signal by eliminating points that fell below a customizable threshold. The
custom threshold was calculated as the ratio of acoustic power within each successive
peak of the user-defined window as compared to the average power within the
75–125 kHz range. Values in the 75–125 kHz range were chosen in order to avoid the
extraneous noise that is often present in lower frequency bands during recordings in
operant chambers or other experimental apparatus. Any peak value within the signal
that fell below the user-defined threshold was filtered out and no longer used when fit-
ting a function to each USV. As necessary, experimenters were then able to adjust the
minimum threshold individually for each USV to obtain optimal contour detection
and control for fluctuations in the signal quality across the recording. Based on initial
training the default threshold was set as a ratio of 8:1. Acoustic parameters of each
USV were then extracted from the contours detected (Fig. 1).

2.4 Comparison of results

All USVs detected by the SASLab and XBAT methods were manually compared using
spectrograms and time codes to determine the number of vocalizations that were (1)
identified using both techniques, (2) identified manually using SASLab but not auto-
matically by XBAT, or (3) identified automatically by XBAT but not manually using
SASLab. For the USVs that were identified by both methods, Pearson product
moment correlations were used to measure the agreement on acoustic measures of
mean frequency, maximum frequency, minimum frequency, bandwidth, and duration.
The signal-to-noise ratio (SNR) was calculated for each USV to investigate if recording
quality may have contributed to why a USV may have been identified by one method,
but not the other. Additionally, spectrograms were manually inspected to investigate
sources of measurement discrepancy between the two methods.

3. Results

The newly developed XBAT tools for contour analysis are available at https://github.
com/djamesbarker/USV_AutoDetection.17 A total of 553 unique USVs were manually
identified using SASLab. XBAT automatically identified 391 (71%) of those manually
identified USVs. Of these mutually identified 391 USVs, XBAT identified 14 as multi-
ple USVs that were manually identified as a single USV in SASLab. XBAT identified
only three USVs that were not identified manually in SASLab. Consistent with previ-
ous reports, it was observed that USVs were missed by automatic detection in XBAT
when the SNR of USVs to background noise was low (Fig. 2). Overall, 91.3% of
USVs were detected above the 18 dB SNR, while only 44.5% of USVs below this
threshold were automatically detected by XBAT. A logistic regression indicated that
SNR significantly predicted whether a USV was or was not detected (r2¼ 0.583,
p< 0.0001). Further, a qualitative analysis of USVs that were missed by the detector
suggested that acoustic artifacts were often present in USVs with higher SNRs that
were missed by the detector.

The estimated time to obtain contours and derive acoustic measurements using
the present XBAT extension was approximately three times faster than the analogous
contour detection in SASLab. Combined with the fact that automated detection of
USVs is already 6–10� faster than manual detection of USVs, the present method pro-
vides a distinct advantage over widely-used methods.2

Acoustic measures of mutually identified USVs were strongly correlated for
mean frequency, r(389)¼ 0.95, p< 0.001, maximum frequency, r(389)¼ 0.82, p< 0.001,
minimum frequency, r(389)¼ 0.82, p< 0.001, and duration r(389)¼ 0.81, p< 0.001.
The correlation for bandwidth was moderate at r(389)¼ 0.72, p< 0.001 (Fig. 3). It is
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necessary to note that differences in the algorithms and user-defined settings used for
each method of detection and feature extraction will account for some differences in
quantified acoustic parameters. In point of fact, the present contour mapping method
requires that points exceed a user-defined threshold in order to be included in the

Fig. 2. The percent and raw number of USVs detected using the automatic detection algorithm as a function of the
observed SNRs. Signal strength was operationally defined as the peak power (dB) of a given vocalization, while the
noise-band was defined as the average power (dB) of a portion of the spectrogram proximal to the vocalization
which was free from any USVs. Detection and contour mapping of USVs is most dependent on recording quality;
the largest discrepancies between traditional methods and the reported contour mapping were related to SNR.

Fig. 1. (Color online) (A) Visualization of the contour detection algorithm. Portions of the spectrogram exceed-
ing a user-specified SNR are first used to detect each automatically detected USV (top left). From the detected
vocalization, the peak amplitude at each time lag is then used to model the contour of the USV (top right).
Users are able to visualize USVs and their contours within the graphical user interface (bottom left and right).
(B) The parameters of the detected contour are subsequently used to derive various parameters of each USV
including the average frequency, duration, and bandwidth.
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mapped contour. Qualitatively, this approach is beneficial for eliminating the influence
of spurious background noise on the USV contour. Nevertheless, manual spectrogram
inspection revealed intensity often varied considerably during single vocalizations, par-
ticularly at the beginning and end of vocalizations and in those USVs with a high
degree of frequency modulation. Thus, variation in the signal quality across individual
USVs is likely to account for differences in the minimum or maximum frequency
reported between detection methods or for differences in the beginning and endpoints
of individual USVs.

4. Discussion

The purpose of this study was to develop and validate a novel method for automati-
cally measuring acoustic parameters of rat USVs. The results from our new method,
based on template matching for USV detection and frequency contour analysis for
acoustic analysis, were highly correlated to the commonly-used USV analysis technique
using SASLab. Further, the development of a contour mapping approach has allowed
for the acquisition of additional measurements that might be of use to USV
researchers.

The primary advantage of this newly developed method is the robust acoustic
analysis based on the frequency contour of automatically detected USVs. This
approach allows users to visualize the data points that are included for contour analy-
sis and adjust contours to improve signal quality. Furthermore, once the frequency
contour has been identified, further acoustic and statistical analyses can be performed
within MATLAB. For example, this frequency contour analysis could be used to provide
a detailed temporal analysis of frequency modulation, a potentially important variable
in disease models that impact vocal sensorimotor control such as aging and Parkinson
disease. This automated analysis technique could also aid in automatic classification
based on acoustic parameters or in developing new classifications by allowing for auto-
mated analysis of large numbers of USVs. Current USV classification schemes range
from very simple divisions based on frequency changes (frequency modulated vs con-
stant frequency) to complex classifications with up to 14 categories requiring manual
inspection of individual USVs.1

The present data illustrate that the primary advantage of manual scoring
methods is the ability to detect USVs with a low SNR. Undoubtedly, this is a limita-
tion of automated detection that one must be aware of when processing USV data.
Still, it may be difficult to accurately acoustically analyze these low-SNR USVs, even
when manually identified; measurements of acoustic parameters rely on the quality of
the signal and are therefore influenced by high background noise or low signal quality.
Thus, the present data also illustrate the need to adjust recording parameters in order
to optimize signal acquisition, when possible. This could be achieved by using a micro-
phone array or by limiting the movement of the animal. The ultrasonic microphones

Fig. 3. Correlation plots between the two measurement procedures for the spectral and temporal measurements.
The solid line is the line of best fit and the dashed line represents a perfect correlation. Each data point is a single
USV.
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used to collect our data are highly directional, with a 5 to 13 dB amplitude decrease at
30� off axis for frequencies at 40 and 60 kHz, respectively. Finally, this emphasizes the
assertion that a subset of files should always be scored manually in order to produce
and report inter-rater reliability between manual and automated scoring.2

Our future goal is to further automate USV detection and analysis to remove
human review and, therefore, significantly increase speed of analysis and improve
repeatability and reliability. The method presented here adds a powerful post hoc/post-
detection acoustic analysis method that both increases analysis speed and keeps the
data in the MATLAB environment for continued analysis.
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